Multiple factors, regarding mechanical properties, load levels, and environmental conditions, affect the fatigue lifetime of reinforced concrete (RC) bridge decks. For the mechanical behavior, previous research predicts the fatigue lifetime of RC decks as a function of their punching shear capacity, where they give less attention to other modes of failure due to experimental limitations of fatigue loading and the restriction of girders spacing in the past design practice. Nowadays, multi-scale simulation can deal with fatigue loading problems, which secures examining complex situations that cannot be easily reproduced in the laboratories of fatigue tests. In this study, various RC decks with wide range of dimensions, material properties, reinforcement ratio, and load levels are analyzed by the validated multi-scale simulation. Then, artificial neural network (ANN) based model is also proposed based on wide-range of studied cases, which estimates the fatigue life of newly constructed RC decks, where it can be the basis of performance-based design. After that, the impact of deck's properties on fatigue life is evaluated based on the built ANN model, which matches the conceptual design of RC decks. Finally, coupling of an empirical equation and ANN model is proposed, which may support conceptual decision-making.
Introduction
Lifetime of reinforced concrete (RC) bridge decks are governed by multiple factors from mechanical and environmental points of view. The global life of RC decks is subjected to the mechanical fatigue-behavior (Lee and Barr 2004; Maekawa et al. 2006a; Matsui 2007; Matsui and Maeda 1986; Schläfli and Brühwiler 1998; Sparks and Menzies 1973; Tepfers and Kutti 1979) , while siteinspected damage from environmental conditions is the local factor, which can reduce this global life. In other words, the remaining life of RC decks can be simply estimated as the multiplication of the global life from mechanical properties and the deterioration rank of siteinspected damage from environmental conditions. It was reported that RC decks experience performance-degradation due to environmental attacks such as corrosion, alkali silica reaction, freeze and thawing, stagnant water, and site-inspected cracking (Freyermuth et al. 1970; Cady and Weyers 1983; Maeshima et al. 2014; Val et al. 1998; Vassie 1984; Lindquist et al. 2006; Ulm et al. 2000; Sakulich and Bentz 2011; Detwiler et al. 1997; Fujiyama 2013a, 2013b; Matsui 1987; Waagaard 1982; Shah et al. 1998; Tanaka et al. 2017; Ohta et al. 2015) . In previous research, the deterioration ranks of site-inspected cracks on bottom surface and stagnant wetting locations were strictly obtained to achieve the reduction in life of RC decks compared to their sound condition with no damage (Fathalla et al. 2018a (Fathalla et al. , 2018b (Fathalla et al. , 2019a (Fathalla et al. , 2019b (Fathalla et al. , 2019c .
In the past few decades, performance-based design was introduced in the structural field in order to overcome the drawbacks of ordinary regulations and design codes (Walraven 2013; CSA 2014) . Traditional codes were built mainly on the ultimate design methods and/or working-stress design methods. They were not directly based on structure's performances but were deemed to satisfy the design requirements. Development of new types of structures and technologies were requested to indicate the performance required in design. Thus, the performance-based design has been introduced to fill the gap between the prescriptive process and structure's performance in reality. The concept of performancebased design agrees with the era of maintenance. Repair, strengthening and the renewal design should be performance-based to achieve reliability.
Experimental studies introduced the fatigue lifetimeestimation of RC decks in sound conditions based upon their static shear strength (Matsui 2007) . Most of these studies purely focused on a mode of failure like punching shear failure. In fact, fatigue experiments are usually conducted with constant dimensions of slabs and supporting conditions due to the huge time and running cost of tests. Thus, complex fatigue behavior of slabs with various dimensions was not fully completed experimentally.
Nowadays, multi-scale simulation can deal with fatigue loading problems of wide validation (Maekawa et al. 2003 (Maekawa et al. , 2009 (Maekawa et al. , 2006a (Maekawa et al. , 2015 . The constitutive laws for high cycle tension, compression, and shear transfer were upgraded during the past decades, where each constitutive law was brought into complex-stress paths. The fatigue lifetime simulation is based on direct path integral scheme (Maekawa et al. 2006a ). Thus, it may estimate the fatigue capacity in such a case of convolutedstress paths like travelling-wheel loading.
First, in this research, the deck's properties that are thought to have minimal impact on fatigue life are checked by the multi-scale simulation. The role of this study is to eliminate the unnecessary deck's information for building the predictive method for RC fatigue life in sound conditions. On the basis of findings of effective variables of deck's properties, many RC decks with wide ranges of properties, dimensions, material properties, reinforcement, and load levels are analyzed by the lifetime simulation, which are used for building the fatigue capacity as a compilation of all influencing factors.
Although multi scale simulation enables to estimate the fatigue life of RC deck with any kinds of properties, currently, it still needs a significant computational time including pre-post processing. This is a burden to seek for the dimensioning of slabs through the try-and-error search in design process of newly constructed bridges. Then, artificial neural network (ANN) is introduced as the second step on the basis of the simulation results, which secure to obtain the fatigue life of newly constructed RC decks. Bayesian regularization technique is utilized for training in order to reduce the risk of overfitting problem. The generalization of the proposed ANN model is secured by conducting leave-one-out cross-validation and testing among unknown data. Nowadays, ANN model is easy to be used owing to the distributed frameworks. It is difficult to understand how it thinks because ANN model is just a set of weights' matrices.
To interpret ANN model, the impact of ANN's input variables, which are the deck's properties, on the fatigue life of RC decks is evaluated based upon the built ANN model as third step. These results are discussed in terms of the conceptual design of RC decks. Finally, an empirical equation that aims to guide the effective design of RC deck with the use of ANN model is tried and checked by analyzing RC decks from sites in Japan.
Methodology

Multi-scale simulation
For fatigue loading simulation, the multi-scale simulation program is used, which has been experimentally validated (Maekawa et al. 2003 (Maekawa et al. , 2009 (Maekawa et al. , 2006a (Maekawa et al. , 2015 . Figure 1 shows the set of constitutive laws of the cracked concrete for high-cycle path and timedependent constitutive models (Maekawa et al. 2006a ). These constitutive laws indicate the damage caused by high cycle stress paths with regard to degrading stiffness and progressive plasticity in tension, compression and shear along cracks. The multi-scale analysis can estimate the members' capacity on the convoluted stress paths like the moving wheel-type loads based upon the direct-path integral scheme (Maekawa et al. 2006a) .
The concrete's damage due to fatigue is taken into consideration in compression and tension, where the elastic stiffness of concrete rooted in the micro-cracks reduces gradually during the fatigue loading. This fatigue damage mechanism is expressed by the evolution law of the damage parameter (K C ) that indicates strain rate's effect and we have,
where, ε is the total strain, ε e is the elastic strain, ε p is the plastic strain, σ is the total stress, E o is the initial stiffness, and K c is the damaging parameter (damage evolution due to internal stresses' repetitions is implemented in the rate type evolution of K c ). The reduced stiffness owing to the bond fatigue of concrete and reinforcement is expressed by (K T ) in the scheme of tension stiffening concept. Thus, we have,
where, F indicates time dependent fracturing as tension creep, H indicates instantaneous fracture, and G indicates the fracture damage induced by high cycle load repetitions, considering the loss of bond between reinforcement and concrete.
The crack planes show roughness rooted in the size of suspended aggregates. This roughness is gradually smoothened under cyclic effects of shear slip until the aggregates-interlock is gradually lost. This damage is considered by adding the term (X) to the formulation in order to decrease the shear transfer according to the number of cycles, as indicated by Equations 7-8.
where, τ is transferred shear under high cycle load, τ or is the transferred shear stress calculated by the referential contact density function (Li and Maekawa 1988) , ω is the crack width, δ is the crack slip, and X is the fatigue modification factor considering accumulation of shear deformation during the loading cycles.
The multi-scale simulation can successfully capture various modes of failure, i.e., out-of-plane shear, punching shear and tied-arch mechanism. It had been validated with experimental setups under different types of fatigue loading applied to deck specimens in previous research (Maekawa et al. 2006b ) as shown in Fig. 2 .
Artificial neural network
Artificial neural network (ANN) is a powerful method for building predictive models of complex problems with high non-linearity, where it is inspired from biological nervous system (Fausett 1994; M. I. T-Lincoln Laboratory 1989; Grossberg 1982; Hagan et al. 1996) . In previous studies (Fathalla et al. 2018 (Fathalla et al. , 2019a , ANN (Maekawa et al. 2006b ). models were introduced for remaining fatigue life assessment of RC decks based upon site-inspected cracks of dry and submerged water states. ANN's input was cracks' location and width, while the ANN's output is the remaining fatigue life. These ANN models offer the deterioration rank in just seconds by shooting the bottom surface of RC decks with a high-resolution camera, as shown in Fig. 3 . Thus, reliable maintenance plan could be conducted based on rational assessment of deteriorated RC decks. Moreover, on the basis of the weights assigned with the synapses of the built ANN models with single neuron, hazard maps for the location of higher hazardous cracking were obtained (see Fig. 3) , where physico-mechanistic expressions were found. Thus, these hazard maps satisfy the site-inspectors needs.
Finite element (FE) analysis of wheel load on RC decks
RC deck
The targeted problem of this paper is RC decks of steelgirder road bridges. They are supported by main girders in the longitudinal direction of the bridge, where main girders are connected by cross beams in the transverse direction in order to secure their lateral stability. Figure  4 shows the design properties of RC decks, which includes compressive strength, reinforcement rebar, spanwidth, thickness, concrete cover, and design wheel load. It should be noted that, in fact, RC decks are conservatively designed as one-way slab, where the traffic loads are mainly transmitted to the longitudinal girders.
Loading scheme and boundary conditions
The simulation model of the studied RC decks is discretized in the x-y plane to mesh size of (250 × 250 mm), while it is discretized into four layers in the z-direction, as shown in Fig. 4 . The length of the RC decks depends on several factors such as bridge type, however in a previous research (Fathalla et al. 2018a ), 6.0-meters length was found to be optimum as a reference of existing slabs in service.
The speed of the travelling load is selected as 60 km/h, which is the legal speed limit for Japan's national routes. The dimensions of the wheel load are 500 and 250 mm corresponding to the contact area of vehicle tires (see Fig. 4 ). The boundary conditions are chosen to be hinged supports, which allow rotational motion and restraint the translational motion. In reality, some rotational restrains exist since the RC decks are generally connected to the top flanges of longitudinal steel girders by studs and/or bolts. In addition, the torsional rigidity of the steel girders also affects the degree of rotational restraint at the deck's boundaries. Here, the selected boundary conditions are on the conservative side for estimating the fatigue life of RC decks.
Failure criterion
According to past fatigue-experimental programs, the fatigue limit state was based upon the central live load deflection (Tanaka et al. 2017; Maeshima et al. 2014) . When its deflection (Equation 9) reaches (2.5~3.5) times of its initial value, the deck is judged to fail in fatigue. This limit state (Equation 10) corresponds to the one of bond-loss between main reinforcement and concrete.
Generally, this fatigue failure criterion was found to be reasonable since the deck's properties are explicitly included in the mere values of live load deflection. In addition, in most cases, shear failure of concrete occurs before the fatigue rupture of reinforcement (Matsui et al. 1986 ). Thus, this criterion is expected to be rational for fatigue life estimation of RC decks. It should be noted that this failure criterion targets the serviceability limit (Fathalla et al. 2018 (Fathalla et al. , 2019a . state, where the decks do not reach the total collapse even though we may estimate the load carrying mechanism. Thus, a few failure modes are fairly predicted from the load carrying mechanism as,
where δ L,N is the central live load deflection at N cycles, δ 1,N is the central total deflection at N cycles at the loading stage, δ 2,N is the central total deflection at N cycles at the unloading stage, δ L,0 is the initial live load deflection, and N F is number of cycles where δ L,N reaches limit stats (Equation 10).
Comparison of numerical results and experiment
Above mentioned FE analysis has been compared with several experiments of wheel running tests. Fujiyama et al. (2013) conducted fatigue analyses of wheel running experiments reported by Okada et al. (1982) . Numerical result successfully showed the evolved deformation as the loading cycle goes ahead. Other wheel running tests with different dimensions and setups have been also examined (e.g. Hiratsuka et al. 2016 and Tanaka et al. 2017 ) and numerical results were validated to match the experimental facts. Multi-scale analysis was also used in the simulation of steel-concrete composite deck (Fuji-yama et al. 2014b ) and the successful result was reported. Thus, moving wheel-type load fatigue analysis with multi-scale simulation has been already examined with the past experiments. In the next step, we try to use multi-scale simulation not only to trace a single target deck but also to get responses of various ones. Then, collected data was analyzed statistically with use of ANN as discussed in the following sections. From the series of sensitivity analysis, we can conclude that excluding some variables (concrete cover, top rebar, and bottom rebar in the longitudinal direction) from building the predictive model is acceptable in practical point of view. Moreover, we should keep in mind that the key factor for building a simplified formula and an ANN model is to seek for the best perform-ance input variables on the scheme of conceptual design (Fathalla et al. 2018a) .
where, A is the area of one directional layer of reinforcement rebar (mm 2 /m') and T is deck's thickness (mm).
ANN dataset
A total of 75 samples are prepared for a wide range of the width, slab thickness, transverse bottom reinforcement ratio, compressive strength, and load levels. Table  3 shows the wide range of deck's properties of studied cases, where it covers probable cases in practice. Note that the increase of training data does not always lead to better ANN model because the number of parameters is rather small in this case. More important point is that the data from multi-scale simulation should cover various cases as much as possible. 
Neural network platform and structure
The platform used to conduct ANN algorithm is MAT-LAB R2017a-Neural Networks Toolbox. Unidirectional feedforward network and Bayesian regularization training function are selected for conducting the ANN (Hagan et al. 1996; Murphy 2012; Hagan and Menhaj 1994; Rumelhart et al. 1986; Burden and Winkler 2008; Foresee and Hagan 1997; MacKay 1992) . Bayesian regularization neural network (BRANN) in most cases is robust to sidestep overfitting, where it uses L2 regularization, thus, it is expected to secure generalization (MacKay 1992). The structure of the conducted ANN is one hidden layer with six neurons. It should be noted that the ANN's structure is chosen to achieve the best performance and to avoid overfitting of ANN's model, where the size of the network should be optimum. 
Neural network input variables and output
Leave-one-out cross-validation
In order to achieve reliable evaluation for the used training method and network's size, leave-one-out crossvalidation (CV) is conducted (Geisser 1993; Picard and Cook 1984 ). In the cross validation (leave-one-out), the dataset (75 data) is divided into 75 subsets. Then, each division (1 data) is treated as a validation dataset and the rest of it (74 data) is treated as a training dataset. This training and validation processes are repeated against every subset. Consequently, the prediction errors of the validation subsets are statistically obtained as shown in Fig. 9 . The coefficient of variation (C.O.V) of prediction of the cross-validation demonstrates the generalization of the prediction, where it only reaches 24%.
ANN model evaluation
The dataset is divided into training dataset (84%) and the test one (16%). The ratio of these datasets is empirically determined. Then, Bayesian regularization technique is used for training the ANN model. Figure 10 shows the ANN results, where it maps the training data and identify the test data with good accuracy. The coef- Figures 11 and 12 show the evolution of the network's mean square errors and the sum of the square of weights and biases with training's epochs, respectively, where they reach stable states (best performance at 1312 epochs). Generally, in the Bayesian regularization scheme, if the network performance parameters reach stable states, it means that the network is truly converged. In this scheme, training is terminated basically if the mean square error or its slope reduces until the limit or the number of epochs reaches the predefined maximum limit. Thus, the results demonstrate the robustness of prediction of the proposed ANN model.
ANN's assessment of the effect of deck's properties on fatigue life
In order to evaluate the deck's properties effect on fatigue life in terms of the built ANN model, a sensitivity analysis has been performed on the basis of properties of the referential RC deck. The role of this sensitivity analysis is to visualize the way of thinking by the ANN model for us.
In this comparison, each deck's property is checked with wide ranges, while the rest of the properties are kept fixed as the referential RC deck. Figure 13 shows the ANN's estimated fatigue lives of wide range of each property, normalized by the referential RC deck properties. It is clear that the span-width is the most effective parameter to upgrade the fatigue life, mostly when the span-width is reduced to less than 2.0 meters (span/thickness less than 12), where it can be seen from the slope of span-width's curve. This event occurs since the behavior of the RC deck at this point changes from truss action to the so-called tied-arch by the formation of struts that transmit the load directly to the boundary supports (Bakht 1996; Rankin et al. 1997) . This phenomenon is similar to the diagonal tension failure in the case of RC beams (Fenwick and Thomas 1968; Kim et al. 1997; Zararis et al. 2001) . Generally, the diagonal shear strength of RC beams is almost the same when shear span to effective depth ratio (a/d) is 2.5 or more. Contrarily, shear strength increases significantly if (a/d) is less than around 2.0. The second effective parameter is found to be the deck's thickness. By increasing the deck's thickness by 5%, we can obtain an extension in life around 45% on logarithmic scale, which corresponds to 300% on actual scale. Currently in Japan, most of the RC decks are constructed with large thickness more than (240 mm) in most situations, while existing thin decks were constructed some decades ago. Thus, these results demonstrate the effectiveness of the recent design codes (JRA 2012).
The third effective parameters are the load levels and the compressive strength, where the slopes of their curves are close to each other. Finally, it is obvious that the least effective parameter is the reinforcement ratio of the transverse bottom rebar, where these results matches the conceptual design of slabs. In design specifications (JSCE 2007) , the shear capacity of the slab is directly proportional to the cubic root of reinforcement ratio. Then, the reinforcement ratio has a small impact on slab's shear capacity, which matches the ANN's inferences.
It is found that the starting point of the tied-arch ac-tion is dependent on the compressive strength by comparing thin (180 mm) with thick (220 mm) decks with different compressive strength (30, 50 MPa) in consideration of widely varying span to thickness ratio, as shown in Fig. 14. This threshold of the span to thickness ratio increases for higher compressive strength. Moreover, this effect is found to be more significant in the case of thick decks compared to thin ones.
Tied-arch actions of RC decks
For further investigation of arch and truss actions, two RC decks of 16 cm thickness are analyzed with different span-width (1.0 and 3.0 meters) by the multi-scale simulation. The rest of material properties and reinforcement details are kept the same as the reference case (Section 4.1). The progressive central maximum total load deflection with loading cycles for both cases is shown in Fig.  15, where the difference in their remaining fatigue life is around 56 times. Figures 16 and 17 show the shear strain distributions among their central transverse crosssection (1.0 and 3.0 meters) at 3,000 loading cycles, respectively. For the case of small span-width (1.0 meters), the shear localization is at the zone connecting wheel-load and boundary supports, where diagonal compression occurs at this region as a phenomenon so called tied-arch action. Thus, the wheel-load is directly transferred to the supports leading to upgraded fatigue life. The results demonstrate that fatigue life of existing RC decks could be upgraded by installing stringers on site in order to reduce their span-width. For the case of wide span-width (3.0 meters), the shear localization is found to be just below the loading path, where the behavior of RC deck is governed by punching shear failure mode.
ANN model in design
Proposal of design process with ANN model
Although finite element (FE) simulation can solve any problem with any shape, dimension and boundary con- ditions, it still takes time and pre-post effort. Every information such as drawings and material specifications is necessary before making FE mesh for the final check of performances.
Step-by-step mesh generation and prepost processing are also hard in many trial-and-error searching of probable dimensioning in addition to fatigue simulation. Then, FE simulation can be used to verify the structural performance at the final step or analyze new cases beyond the applicable range of experiences. On the other hand, as stated above, conceptual design is the process of deciding the shape and dimensioning of structures by repeating trial-and-error process to satisfy design requirements. It is difficult to conduct trial and error process with FE. Therefore, we need some supportive tool for this decision making process like ANN model.
Here, An ANN model is expected to be a tool to summarize and/or interpolate huge amount of FE-based computational results without burdens like mesh generation and computational time. There is an opinion that we still need empirical equations in design processes because AI models are not self-explanatory but a black box. It is generally hard to understand how an ANN model considers a specific problem by interpreting the weight matrices of the model. It just returns correct answer but it cannot show the physical meanings behind its calculations. Trial and error is not impossible to design structures with ANN model but it is still inefficient work for human. Visualization of way of thinking is necessary to utilize the knowledge of ANN for engineers. The authors think that the sensitivity analysis as shown in previous section can visualize inversely how the built ANN model behaves by monitoring change in life with the change of ANN's input variables. Empirical equations guided by sensitivity analysis are easier to understand for us by demonstrating the effectiveness of each parameter. As an empirical equation simplifies the complex results of the ANN model, both results have difference. Therefore, resultant design should be verified by ANN model at final step.
Empirical equation based on ANN model
Empirical equation (Equation 12) is proposed to estimate the fatigue life of RC decks guided by the findings of the sensitivity analysis of the introduced ANN model (Section 4.7). It should be noted that the proposed equation is obtained by fitting the results of the 75 samples that are used to build the ANN model, in addition to the knowledge achieved from the ANN sensitivity results. 
where, N is the number of cycles, P is the design wheel load (kN), P V is the virtual capacity of RC deck, T is the deck's thickness (mm), C is the compressive strength (MPa), R is the reinforcement ratio of transverse bottom rebar calculated from Equation 11, W is the effect of span-width in transverse direction, S is the span-width in the transverse direction (mm), S.T. is the effective span to thickness ratio, Z is a parameter considering the impact of compressive strength on the threshold of tiedarch mechanism. The virtual capacity P v used in this equation is different from the static strength because failure mode in high cycle wheel-type loads is different from the static punching shear failure. Therefore, the base strength is not necessarily the static strength.
Comparison of empirical equation and ANN model
The empirical equation is compared with the ANN model, by preparing a new dataset of in-service RC decks from sites in Japan. Table 5 shows the dimensions, rebar, and material properties for a total number of 14 decks. Figure 19 shows the comparison of the fatigue life prediction of Equation 12 and the ANN model for the analyzed decks, where the coefficient of variation (C.O.V) of prediction is 83%. In practice, S-N diagrams of fatigue life allow a range of ±(10~13)% difference in stress levels which is in the range of the factor of safety utilized in the engineering practice (JSCE 2007) . This magnitude of stress drift corresponds to ±(200~300)% difference in the fatigue life on the logarithmic scale. In most cases, the difference of empirical equation from ANN model is within the allowable range. The difference is relatively high in case of the high compressive strength with small reinforcement ratios. If several parameters change simultaneously away from the referential case, the difference between ANN model and the empirical equation tends to be significant. Even though, the difference remains within one order even in the rest cases. Then, the empirical equation is useful enough to decide properties of materials and dimensions of structural members. As stated before, a final check is needed because the empirical equation of simplified functions is just the interpolation of the past experiences.
Conclusions
In this research, fatigue failure of RC deck under moving wheel load is directly simulated by validated multiscale analysis. Then, ANN model is strictly built for the fatigue life perdition of newly constructed RC decks based upon various RC decks with wide range of properties. The proposed model is discussed in terms of conceptual design of RC deck. Finally, an empirical equation is introduced and has been compared with the proposed ANN model for real RC decks from site. Based on the proposed models and simulation results, the following conclusions are drawn.
(1) ANN model, which is made from computational results of multi-scale analysis with wide range of RC decks, covers various failure modes such as punch- 
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